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ABSTRACT

Accurate spatial and temporal estimation of wind loads on structures plays an important role in the
design and construction of buildings in coastal regions and open terrains. The common approach to this
problem is using codes and standards obtained from wind-tunnel tests on isolated structures. The use of
artificial neural networks for finding specific patterns in data obtained from wind-tunnel and field tests has
been reported in the literature. In this study localized radial basis functions neural networks are proposed and
successfully used for estimation of wind loads on a three-story shear building using a state-space model of
the structure.

INTRODUCTION
In areas far from seismic zones wind load mainly governs the lateral strength of buildings,
particularly in coastal regions and open terrains where the wind load is more severe. It is known
that geometry, span, presence of canopies and openings in the walls, porosity of the roof, and a few
other parameters have significant effects on the estimation ofwind loads. The spatial and temporal
variations in wind load also make its estimation a very complicated task.

Wind loads on buildings are usually evaluated using codes and standards whose specifications
are generally based on wind-tunnel tests performed on isolated structures and do not take into
account interference effects. As pointed out by Krishna (1995), the knowledge of the mean
pressure alone is not adequate to ensure the safety of the building and it is necessary to know the
fluctuations and the peak values as well, particularly when severe winds are concerned and where
the dynamic response becomes important.
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Khanduri et al (1997) proposed the use of neural networks for assessment of interference effect
on design loads for buildings. Based on data collected through the literature for different types of
buildings, they suggested an approach for identifying common patterns and areas of concern.
However, they concluded that because of the limited and inconsistent data, coupled with large
number of variables, practical generalizations are difficult to obtain.
Estimation ofwind load on structures is an inverse problem. In the context of neural networks it
translates into a parameter optimization process based on a known system model that seeks to
minimize the difference between the model output and actual system output or the estimation error.
Neural networks can be used in a localized form for modeling system parameters such as damping
and stiffness rather than modeling the whole system as in black-box approach. Buckner et al.
(2000,2002) demonstrated the former approach for active vehicle suspension control, where
localized neural networks continually learn the non-linear parameter variations of a quarter-car
suspension model. This approach benefits from the adaptation and learning characteristics of
neural networks and the ease of dealing with a linear model of a non-linear dynamic system.
In this paper Radial Basis Function (RBF) neural networks are used for estimation of wind load
on a shear building structure. The present approach not only has the advantage of neural networks
in adaptation and learning but also it uses the simplicity of representing the system in standard
state-space model.
SYSTEM MODELING

Figure 1 shows the lumped-mass model of a multi-story shear building used in this study, under
the influence of lateral wind loads. The wind load is modeled as concentrated lateral forces and
represented by the force vector f = [.t;, 12,/3 ]' The state vector x = [XI' X 2, X 3 ] represents the
lateral displacements of the 1st, 2nd and 3 rd floors.
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FIG. 1 Lumped-mass model of the three-story shear building

The equations of motion in terms of building's mass m, damping c and linear stiffness k can
be derived using Newton's 2nd law and can be written in matrix form as:

MX+Bx+Kx=f

(1)

Where M, Band K are diagonal mass, coupled damping and coupled stiffness matrices
respectively.

LOCALIZED RBFS NEURAL NETWORKS APPROACH
Artificial neural networks provide non-linear mapping between corresponding input and output
spaces. The structure of a neural network consists of an input layer where the information is
presented to the network, an output layer where the result of the mapping is presented, a number of
processing elements called neurons, and connecting paths between neurons. Neural networks can
be classified according to their processing elements, their architecture, and finally the learning
algorithm used for updating the weight of connecting paths.
The advantages of the RBF networks used in this study over multi-layer perceptron networks
with other types of activation functions include simplicity of architecture, smoothing, short-range
interpolation ability and linearity of the output in network parameters. In RBF networks the
number and location of basis functions over each input space as well as the amount of training
required must be specified.
Figure 2 shows the architecture of the single-layer feedforward RBFs networks used for wind
load estimation. For this application there are three localized RBF networks estimating the wind
load on each floor of the building.
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FIG. 2 Architecture of the localized RBF neural networks
The estimated wind load on any floor can be written as a function of acceleration and
displacement of that floor and displacement and velocities of adjacent floors. The inputs to each
RBF network are normalized over the range [01] and the locations ofthe three Gaussian functions
are uniformly fixed within the input data space at [-0.25,0.75,1.25]. The variances of all Gaussians
are chosen to be 0.5.
According to Figure 2, for any given floor 'i' the estimated wind load at time-step 'n' can be
written as:
3

j;(n) = Iw j (n)'I'j(n)
j=!

(2)

It is assumed that the velocity and displacement responses of the building are available via
real-time integration of the acceleration responses measured through an array of accelerometers
mounted on the floors. Therefore, having an estimate of the wind load on each floor at any given

time the estimated acceleration response of the building can be found.

x= [XI'X ,xJ represents the estimated lateral displacements of the building
and the force vector i = VI ,J2 ,J3 J represents the estimated lateral wind load on the building.
The state vector

2

Defining the difference between the measured acceleration vector x and the estimated one x as
the estimation error vector e, and using a quadratic cost function J , an adaptation/learning
algorithm can be written for adjusting the weight vectors of the RBF networks. Since the output of
each RBF network is linear in network weight vector, W, least squares algorithms are good
candidates for adjusting the weights.

e(n) = x(n)- i(n, w)
1

3

2

i=l

(3)

J(n) =- Ie(n)2
(4)

w(n + 1) = w(n)-l] d~(n)
dw(n)

(5)

Here 17 is the learning rate, 8xl0-4, and ~t:) is the gradient of cost function with respect to
network weight vector. The learning/estimation algorithm proceeds so long as the value of the cost
function is above some specified tolerance. The weights of the neural networks are updated
incrementally during each learning/estimation epoch while each epoch contains the whole
recorded response. At the end of 3000 epochs of learning/estimation process, the cost function
reduces to 0.0279.

NUMERICAL SIMULATION
Table 1 lists the mass, stiffuess and damping parameters of the three-story shear building used
in the simulation. A five-peak sinusoidal waveform, given by equation (6), is used for modeling the
lateral concentrated wind loads.

TABLE 1. System Parameters
Parameter
Mass -M [kg]
Stiffuess - K [N/m]
Damping - B [N.s/m]

1st Floor
1
0.5
0.001

2 nd Floor
1
0.5
0.001

3rd Floor
1
0.5
0.001
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Here P
H

= 5 [N]

is the amplitude factor, F o

=

100 [Hz] is the waveform central frequency and

(t) is the Heaviside function defined at t i = 0 [sec] and tf = 0.05 [sec]. Figures 3 shows the

estimated versus the exact values of lateral wind loads on the floors of the three-story shear
building. As expected, there is a good match between the estimated and exact values.

FIG. 3 Estimated versus exact profiles of lateral wind loads
on the three-story shear building

CONCLUSIONS
This study shows the feasibility of using localized RBF networks for estimation of wind loads
on structures. Using more sophisticated learning algorithms in which the location and variance of
the basis functions can be modified according to changes in the estimation error vector can enhance
both accuracy and speed.
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